Purpose -The purpose of this paper is to apply customer lifetime value models to assess the overall value of the service encounter and to establish implications that such an assessment has for managing customer relationships under a fixed-size salesforce. Design/methodology/approach -Using a specific relationship between customer servicing activities and the buying rhythms of customers, an analytical model for assessing the overall value of a service encounter is developed. Findings -A stochastic parameter is identified, characterizing the level of quality to compute the long-term value of a given customer and stochastic ordering properties to determine the relative value of different customers.
Introduction
As reported by Syntex Laboratories, Inc., a decision calculus model for salesforce size and deployment recommended a large change in the allocation of its salesforce to market services and, in financial terms, resulted in increases of $25 million (Lodish et al., 1988) . Indeed, the relationship between salesforce allocation and profits achieved through service quality provided continues to be a vitally important issue. This is evidenced by comments of industry representatives attending a recent sales consortium that a major concern of sales managers is the management of their salesforce to effectively service diverse customer groups, in turn, to achieve the bottom-line efficiency and profitability (cf. Siguaw et al., 2003) .
In the service profit chain, the classification of service quality along two dimensions, output/results and process experience, and the eventual link between service quality and firm profit (via customer value) primarily is presented in the context of the delivery of tangible products (Heskett et al., 1990) . However, the concept lends itself to the possibility for competitive advantage even for the providers of services. Consider the case of a standardized product and market-determined prices. In such a case, the product itself (and its price) would be indistinguishable among sellers of the product. Consequently, from that perspective, customers would be indifferent from which firm they made their purchases. However, sellers still could differentiate themselves based on the service quality of the process by which the product was purchased.
In this paper, we focus on this angle of differentiation by developing an analytical model of the service encounter, which we define as the totality of a given customer's multiple purchasing experiences. Specifically, we apply customer lifetime value models (Hogan et al., 2002; Rust et al., 2001; Berger and Nasr, 1998; Hart and Glover, 1988) to the notion of the service profit chain in order to assess the overall value of the service encounter and to establish implications that such an assessment has for managing customer relationships under a fixed-size salesforce. To that end, we assume that core products are substitutable across firms competing in the market and that prices are market-driven. We further assume that all brands are well-known by customers. Our intent is for neither price nor intrinsic quality of the core product to play a role in persuading customers to choose one firm over another. As a consequence, in our model, customer value reduces to a function of a single argument, namely, the quality of the service encounter.
The remainder of this paper is organized as follows. In Section 2, we provide the background of our model and review the related literature in salesforce allocation. In doing so, we provide a general framework for modeling service effort allocation through salesforce allocation problems, which we use to identify features that distinguish our model from previous works. In Section 3, we develop a dynamic program for calculating the lifetime value of a given customer type, given a fixed salesforce capacity. We also provide the solution to the dynamic program and identify analytical properties. In Section 4, we apply these properties to address the two key managerial concerns identified earlier: How much capacity should be committed to a given customer type? And, which customer type should be given priority in terms of committing capacity? Finally, we conclude the paper by discussing the managerial implications and the limitations of our model in Section 5.
Model background and related research
Customer value and firm profit are inextricably linked by a reinforcing relationship that often is endogenous to the firm through updating of customers' experiences and perceptionsthis is the cornerstone of contemporary thinking in service marketing management. The idea is that customer relationship management designed to provide increased value to the customer ultimately yields a lifetime value to the service provider. The reason is because higher customer value increases customer satisfaction; thereby instilling customer loyalty; which, in turn, creates higher profit due to increased volume resulting from repeat purchases and positive word-of-mouth (Liu et al., 2000) . In this paper, we propose a specific relationship between customer servicing activities, the buying rhythms of customers, and lifetime value. Although we focus on the optimal allocation of a particular resource, namely salesforce effort (e.g. time and strengths input to the customers) to provide services, the fundamental premise that customer lifetime value is, to a considerable extent, the outcome of a controllable management process as opposed to an exogenous parameter is a useful way of thinking about the allocation of resources in general. Yet, analytical models exploiting this approach still appear to be underrepresented in the scientific literature.
The notion of lifetime value represents a fundamental component of a more systems-oriented management framework coined the service profit chain (Heskett et al., 1997; Heskett et al., 1994) . In brief, the service profit chain concept dictates that a firm that invests in its employees by providing overall internal quality of work life (for example, by recognizing and rewarding employee capabilities) should expect satisfied and loyal employees. This, in turn, increases productivity, which gives the firm greater leverage to provide value to the customer and consequently, leads to higher profit in the long run.
In focusing on the link between customer value and firm profit, the key is the notion of value, which in general terms, is defined as the ratio of the overall benefit received to the overall cost incurred. Thus, customer value can be expressed as service quality ( service price (Heskett et al., 1990) . This formalism is consistent with the theory of total quality management, which includes the precept that the definition of quality is dictated by the customer (often as a function of a stated price) and thus, quality can be designed into the service if the customer is consulted at the onset (Hauser and Clausing, 1988) . From the customer's perspective, the aggregate level of quality of a service is determined by the service's fitness for use (Juran and Gryna Jr, 1980) . For goods, fitness for use corresponds to a compilation of measures among a number of distinct dimensions of quality including performance, features, reliability, durability, and aesthetics (Garvin, 1987) . For services, analog dimensions of quality include reliability, responsiveness, assurance, empathy, and tangibles (Zeithaml et al., 1990) . In the context of the service profit chain, this same precept holds; but the dimensions of service quality are aggregated into two general dimensions: the intrinsic quality of the service itself; and the customer's overall experience associated with the purchase of the service. In other words, the two broad dimensions of service quality are such that one dimension captures "what" the customer purchases in terms of output or results, and the second dimension captures "how" the customer perceives the process through which the purchase occurs.
To incorporate these in our model, we define a salesforce as an organizational entity responsible for interfacing with a given customer throughout the purchasing process. Thus, a firm's salesforce, through its contact time with a given customer, establishes the overall purchasing experience for the customer. Accordingly, we use salesforce effort as our measure for the quality of the service encounter. Hence, in this paper we use salesforce effort and service effort interchangeably. We assume that salespersons are homogenous so that a customer's perception of the service encounter does not depend on the level of a given salesperson's "people skills." In practice we can move toward this homogeneity through effective training. Increased sales effort provided over time to a single customer is interpreted by the customer as better service quality, and hence better value, which results in higher long-run profit. Unfortunately, however, sales effort is a limited resource. Indeed, there is a cost associated with increasing the aggregate amount of sales effort available, which very well may outweigh the higher long-run profit attributed to assigning unlimited effort to a given customer. We control for this simply by assuming a fixed-size salesforce, thus implying an imputed cost for the effort. The core research questions then are to determine:
. the long-term value to the firm associated with a constrained amount of aggregate sales effort available through which certain service level can be delivered, given that such effort is allocated optimally over time to the customer; and . the implications on salesforce capacity planning and on customer segmentation and selection.
Based on interviews with managers and consistent with the dynamics of the GAPs Model of Service Quality (Zeithaml et al., 1990) , it is apparent that customers differ along two key dimensions. First, customers differ in terms of their initial expectations regarding the level of service (hence the amount of sales effort) that they think they should receive. And, second, customers differ in terms of how they update over time their initial expectations in light of the service level (hence the sales effort) they actually receive; namely, customers differ in terms of the weight attached to the most recent service encounter relative to the weight attached to the cumulative experience over the relationship (Boulding et al., 1993; Hamer et al., 1999) . These differences in customers could be associated with, for example, corporate culture, national culture (e.g. longer-term vendor-seller relationships often prevail in Japanese cultures (Hall and Hall, 1987; Money et al., 1998) ), or personnel turnover rates in either or both of the buying and selling firms. More specific empirical research would be of value in identifying secondary variables that could be measured and calibrated to quantify the respective differences between specific customers.
Given the differences between customers, it is useful to categorize customers on the basis of their differences before allocating sales effort to them. Then, given a fixed sales capacity, we could determine the potential lifetime value of a given customer type associated with the available capacity. This essential calculation provides an important source of information to managers charged with allocating service effort through sales capacity. In particular, it provides insight for two parallel questions: first, how much capacity should be committed to a given customer type? And, second, which customer type should be given priority in terms of committing capacity? Our approach to the problem of service effort allocation through sales effort allocation aims to maximize long-term profits by balancing the lifetime value of a customer with capacity utilization.
The more recent management science treatment of sales effort models can be traced back to a 1971 special issue of Management Science in which three seminal papers were introduced: CALLPLAN (Lodish, 1971) , DETAILER (Montgomery et al., 1971) , and GEOLINE (Hess and Samuels, 1971) . Since then, most of the work in this area has been some type of extension or combination of one or more of these three fundamental models (e.g. Parasuraman and Day, 1977; Parsons and Abeele, 1981; Lodish et al., 1988; Rangaswamy et al., 1990; Skiera and Albers, 1996, 1998; Drexl and Haase, 1999; Darmon, 2002; Yi et al., 2003) . These three models are considered foundational models in Vandenbosch and Weinberg's (1993) comprehensive review on 18 sales effort models selected from 47 articles found in a five-year search of the ABI-INFORM database for five leading journals in management science. Of these three base models, GEOLINE is a territory assignment model. On the other hand, CALLPLAN and DETAILER are resource allocation models, which are central to the theme of this paper.
As reviewed in their comprehensive literature review, Vandenbosch and Weinberg (1993) reported that:
CALLPLAN addresses a key personal selling question: How should a salesperson's time be allocated between customers and prospects in his/her territory? The model provides an interactive call-planning system which is implemented at the individual sales representative level and is used to establish call-frequency norms for both customers and prospects.
This model is at the root of many salesforce operations models because it develops a simple yet powerful procedure for estimating sales response to effort. In addition, the modeling framework lends itself well to implementation and has an impressive track record of successful applications. For example, a controlled field experiment was conducted at United Airlines (Fudge and Lodish, 1977) . In the experiment, ten salespersons used CALLPLAN to develop call-planning schedules while ten others did not. After six months, the CALLPLAN group achieved a significantly higher level of sales increases than the control group. As a result of this initial success, United Airlines continued to use CALLPLAN for several years. Another example of successful application achieved sales increase of $25 million for Syntex Laboratories, Inc. as cited in the beginning of this paper (Lodish et al., 1988) . Thus, CALLPLAN is proven to have significant contribution to the practitioners in various industries.
However, this model is limited to addressing the problem of allocating a salesperson's time across accounts or customers while many sales representatives market a product line and also need to decide how to allocate their effort across different product items within the product line they carried. Also, CALLPLAN is a static model for one period decision making. At best, it can be used for multiple periods with each period as an independent decision planning horizon separately. Such a nature makes it difficult to be applied to industries requiring cumulative sales efforts over time before a sales response may be achieved. Pharmaceutical industry is one industry among others requiring such cumulative efforts (cf. Vandenbosch and Weinberg, 1993) .
Contrast to CALLPLAN, DETAILER presents an alternative form of allocation model. The model considers the situation in which the salesperson markets a number of products and addresses the problem of allocating selling time or effort across products rather than customers. It also incorporates dynamic effects by assuming the sales response for a particular product to be a function of accumulated exposure to sales efforts carry over previous time periods. The dynamic feature enabled managers to test alternative sales effort policies (e.g. pulsing vs constant level of effort). Besides, like CALLPLAN, the model is relatively simple to apply and has been successfully implemented in multiple settings. Although one of the key features of DETAILER was the incorporation of time dynamics, regrettably, modeling of the time dynamics of changing sales effort allocations has not been actively pursued. Though the problem could be formulated as a dynamic program, the authors suggested a heuristic approach to incrementally improve the sales effort schedule. Thus, as models developed, this dynamic feature was dropped from most models in resources allocation area. Instead, recent models focus on sales results in a future period -or planning horizon -when the optimal allocation has been achieved. While most authors are careful to point out the limitations inherent in such an approach, the profit opportunities in dynamic strategies have not been adequately considered (cf. Vandenbosch and Weinberg, 1993) .
Like building long-term relationship over time in relationship marketing, service marketing often requires cumulative efforts to build up customers' positive overall service perception hence behaviors through repeated service experiences. Among various ways, we propose to build service quality through optimal cumulative sales efforts which is one of the key contributions this paper attempts to make. Therefore, for the existing sales effort allocation models to be useful in service marketing, the dynamic feature must be actively pursued. In addition, given various possible responsibilities salespersons have in today's market, they need decision tools that are more versatile than those for specific purpose in existing models. For these reasons, we offer a general framework for modeling service effort allocation through dynamic salesforce allocation problems and demonstrate that CALLPLAN and DETAILER are special cases of this framework each with its advantages and limitations. In the context of this framework, we provide a brief review of the basic concepts and results attributed to CALLPLAN and DETAILER. Then, we identify the distinguishing features of our model.
The essential research question in salesforce allocation models is to determine the optimal allocation of a constrained resource across entities over time. The resource to be allocated refers to some element of sales effort activity such as call time, number of calls, intensity of calls etc. Types of entities can be customers or accounts, services, products, and geographic regions. Because of the need to incorporate dynamic feature in service marketing and most of the models developed so far are static, we explicitly introduce time element in our description of the fundamental problem to keep the model versatile for both dynamic and static application. Any static application of the salesforce hence service effort allocation problem simply represents a special case.
Given this description, a generic formulation of the salesforce allocation model is as follows:
p it ½y it ðs i1 ; :::; s it Þ; ð1Þ subject to:
where i is the entity index, t is the time index, k t is the capacity of the resource in period t, s it is the amount of resource allocated to entity i in period t, and p it (.) is the profit (i.e. response) function associated with entity i in period t. The function y it (.) is a pass-through function introduced strictly for mathematical convenience. It captures the resource allocation history at any given point in time and represents the effect on the response function associated with entity i caused by the total amount of the resource allocated through period t. In other words, y it (.) provides for the possibility that p it (.) may be a complicated function of the decision variables
, in which case, p it (.) depends on a combination of present as well as cumulative past allocation of the resource. As (1) indicates, the objective is to maximize the sum of payoffs over all customers over the time of the problem horizon. There is one constraint per time period reflecting the fact that there is a limited amount of the resource that may be allocated among the entities each period. From this generic formulation, we can derive the basic salesforce allocation models introduced in 1971. To demonstrate, suppose y(.) depends only on the current period's allocation; i.e. suppose y it ¼ yðs it Þ. In this case, there is no link between periods. As a result, (1) reduces to T separate single period problems, each of which is representative of the CALLPLAN model and its extensions (e.g. Lodish, 1976; Lodish, 1980; Beswick and Cravens, 1977; Zoltners et al., 1979; Lodish et al., 1988) . Now suppose y it (.) depends not only on the current period's allocation decision, but also on past allocation decisions. In this case, there is a carryover effect and (1) is representative of the DETAILER model and its extensions (e.g. Parasuraman and Day, 1977; Zoltners and Sinha, 1980; Rangaswamy et al., 1990) .
In this paper, we extend the notion of carryover by specifying that the response function associated with a given customer depends on the customer's accumulated level of satisfaction, where satisfaction is discounted as time progresses and sales effort affects customer satisfaction. These basic ingredients also form the underpinnings of DETAILER. However, what distinguishes our model from those of DETAILER, CALLPLAN, and their successors is the computation of the lifetime value of a customer attributed to the time-phased allocation of sales effort when the customer has a preconceived notion of how the effort ought to be allocated over time, which we include because customers typically base their satisfaction on the degree to which their expectations are exceeded. Consequently, we formulate a dynamic model in which the customer response function is updated over time as a result of the customer's accumulated satisfaction.
Allocation model formulation
Our modeling effort focuses on strategic insight regarding customer segmentation and selection, aggregate capacity planning, and the tie between service effort allocation, lifetime value, and the service profit chain. This distinguishes the modeling spirit of our research with that of previous research, which, like more generic resource allocation models (e.g. Zipkin, 1980; Luss and Gupta, 1975) , focuses on the development of efficient algorithms (both exact and heuristic) for solving (1). Our model also differs from previous approaches in that we include a probabilistic element that, with the exception of Zoltners and Sinha (1980) , is notably absent in the salesforce allocation literature. The probabilistic element arises in our model because we base customer response on customer satisfaction. A given customer's level of satisfaction, in turn, depends on the customer's preconceived expectation regarding the service experience, which is difficult to predict precisely, especially given that customer preferences often vary at the level of the individual.
Drawing on consumer behavior models, we define customer satisfaction as a function of the level of sales effort allocated to the customer relative to the level of sales effort expected by the customer (Bearden and Teel, 1983; Oliver and Desarbo, 1988; Tse and Wilton, 1988; Thaler, 1985; Parasuraman et al., 1985; Bolton and Drew, 1991) . In this paper, we aim not to develop or test consumer behavior models, but rather to focus on decision making using consumer behavior theory as an input. To that end, we introduce a function to represent the customer's changing expectations over time. And since these expectations depend not only on the decision-making firm's past performance, but also on the perceived industry standard, which is beyond the control of the decision maker, we include a random component in the formulation of the customer response function.
Specifically, we assume a total salesforce capacity, K, is available to allocate to a single customer over a fixed time span of T periods. We relax the assumption of a per-period capacity constraint because we are interested first, in identifying an optimal allocation strategy for a given (single) customer type (so that, for example, we can gain insight with respect to how customer types should be targeted/selected), and second, in determining implications to aggregate capacity planning. The periods are defined to correspond to the customer's fixed purchasing schedule so that the customer makes a purchase at the end of each period. However, the quantity purchased, and therefore the profit realized (i.e. the customer's response) in a given period, depends on the level of service that the customer receives relative to the customer's service expectations, which is updated over time based on each successive service experience. Accordingly, we stipulate the following definitions: We specify that the customer's service expectation is updated each period as the weighted average of the previous service expectation and the service actually received during the most recent service experience (note that we adopt the convention of counting periods backward so that period 1 is the last period and period T the first):
where l is the weight given to the most recent experience. We treat l as a known scalar, although an adaptation of the analysis yields similar structural results if a subjective distribution function is used to characterize l. We also specify that p(y) is increasing, concave, and twice differentiable in y. In other words, we specify that profit increases at a decreasing rate as the customer's satisfaction level exceeds expectations (i.e. as the customer becomes increasingly satisfied); and that profit decreases at an increasing rate as the customer's satisfaction falls short of expectations (i.e. as the customer becomes increasingly dissatisfied). We mean for this to represent that the incremental penalty associated with dissatisfaction is greater than the incremental reward associated with satisfaction. Such a specification is consistent with the Prospect Theory in behavioral science literature (Kahneman and Tversky, 1979) . For convenience, we define p 0 ðyÞ ¼ dpðyÞ=dy and p 00 ðyÞ ¼ d 2 pðyÞ=dy 2 . To determine the lifetime value of the customer, we adapt (1) and formulate the sales-effort allocation decision scenario as a dynamic program as follows. Let G t (A,X) be the maximum expected discounted profit from period t to 1, given that at the beginning of period t, the aggregate capacity available is A and the level of service expected by the customer is characterized by the random variable X (having known distribution function). Then:
where G 0 ð:Þ ; 0; E½: is the expectation operator, and a is a discounting factor. In (3), X is a state (random) variable indicating the amount of sales effort expected by the customer as of the beginning of period t and s is the decision variable indicating the amount of sales effort allocated to the customer in period t. As a result of the allocation, assuming that A is the aggregate capacity of sales effort available as of the beginning of period t, the remaining available capacity as of the beginning of period t 2 1 would be A 2 s; and the customer's updated expectation for sales effort as of the beginning of period t 2 1 would be ls þ ð1 2 lÞX. Thus, (3) is interpreted as follows:
given the decision to allocate s effort to the customer in period t, the immediate contribution to expected profit is E½pðs 2 XÞ and the discounted optimal expected future profit stream is aG t21 ½A 2 s; ls þ ð1 2 lÞX . Accordingly, the lifetime value of the customer, given that K effort is budgeted for allocation to the customer over the customer's lifetime of T periods, is G T ðK ; X T Þ, where X T $ 0; X T , FðxÞ, and F(x) denotes the distribution function assigned to characterize the customer's service expectations prior to any actual experience.
For convenience, define P t ðs; A; XÞ as: P t ðs; A; XÞ ¼ E½pðs 2 XÞ þ aG t21 ½A 2 s; ls þ ð1 2 lÞX : ð4Þ
In addition, let g t ðA; xÞ be the conditional maximum discounted profit from period t to 1, given that at the beginning of period t, the aggregate capacity available is A and the level of service expected by the customer is specified as x (i.e. if X ¼ x, then G t ðA; XÞ ¼ g t ðA; xÞÞ; and let s * t be the optimal amount of sales effort to allocate in period t (i.e. s * t represents the solution to the maximization associated with stage t of the dynamic program (3)).
Then, conditioning on X ¼ x:
where g 0 ðA; xÞ ; 0. Combining (5) with (4) 
Given these, the optimal solution can be characterized and termed as Theorem 1 in the following: Theorem 1. Given A and a distribution for the random variable X, the following properties characterize the optimal solution to (3) Proof. In the Appendix.
Analytical insight
Theorem 1 is useful for planning in that it offers a compact and structured expression for the expected lifetime value of a given customer, G T ðK ; X T Þ, which is expressed as a function of the aggregate salesforce capacity (K) dedicated to the given customer and as a function of the "profile" ðX T Þ of the given customer (more precisely, the customer's profile is FðxÞ, the conditional distribution function of X T , which represents the decision maker's subjective probability distribution characterizing the customer's a priori service level expectation). We next exploit the functional properties of G T ðK ; X T Þ to determine first, how much capacity should be committed to a given customer, and second, how to choose a customer in the first place.
Aggregate capacity planning From Theorem 1, the expected lifetime value of a given customer is increasing and concave as a function of K, the aggregate T-period capacity dedicated to the given customer. In addition, given K, Theorem 1 produces an optimal allocation schedule over the T-periods. Let s* ðK Þ denote the vector of optimal allocation decisions over T periods implied by Theorem 1 when K capacity is dedicated. Suppose CðK Þ ¼ C½s* ðK Þ is a cost incurred to establish/dedicate a salesforce with K total capacity to service a given customer over T periods, given that an optimal allocation schedule is implemented for that capacity. If C(K) is convex in K, then G T ðK ; X T Þ 2 CðK Þ, which represents the net expected profit associated with the T-period relationship with the customer, is concave. Therefore, in this case, K * , the optimal capacity to commit to the given customer, can be determined as the unique value of K that satisfies E½› K g T ðK ; X T Þ ¼ dCðK Þ=dK . Intuitively, K * balances the marginal expected discounted revenue generated through sales contact over the lifetime of a given customer with the marginal discounted cost of providing that contact.
Customer selection
A given customer is defined by X T , the random variable indicating the decision maker's characterization of the customer's a priori expectations for level of service (more precisely, the customer is defined by F(x), the distribution function used to characterize X T ). From Theorem 1, g T ðK ; xÞ, the conditional lifetime value of a given customer, given that X T ¼ x, is decreasing and concave in x. This property indicates that, under appropriate circumstances, customers can be ranked from most favorable to least favorable [1] .
The definition of increasing convex ordering applied with Theorem 1 means that if given the choice between two random variables (X T and X T 0 ), each of which represents a different customer profile [2] , and if one random variable is smaller than the other in the increasing convex ordering, then the smaller of the two random variables is preferable because it yields a higher expected lifetime value of the customer. The corresponding increase in the expected lifetime value of a customer can be interpreted as a form of value of information. Next, we discuss two immediate implications of this preference ordering of distributions.
First, consider a single customer whose a priori expectation for level of service is characterized by a random variable X T having the distribution F XT ðxÞ. And, let cðX T Þ denote the investment required to obtain information necessary to refine the distribution function, perhaps through surveys or other forms of market research, such that the refined distribution is more favorable in that it satisfies the test for increasing convex ordering. Then, the viability of the investment is determined by comparing the cost of refinement with the benefit of an increased expected lifetime value of the customer. For a general convex cost function c(.), the optimal level of refinement equates the expected marginal benefit with the marginal cost of incrementally "better" distributions. Such a property can help managers calculating the optimal marketing research and promotional budgets to refine the distribution of customer's expectation on service level. Hence, help cultivate more satisfied customers and higher customer lifetime values for the marketer.
Second, consider a pool of potential customers from which one customer with whom to build a relationship is to be chosen. Let potential customer i be identified uniquely by X Ti . Then, if an increasing convex ordering of the customers is possible, then a preference ranking among the customers can be determined directly. This property can help marketer to allocate their service efforts in the preference order; hence, help maximize the profits and the effect of long-term service efforts. This form of customer ranking also has direct applicability to choosing between a new customer and an existing customer.
Managerial implications and conclusion
An effective and efficient servicing process is essential to a firm's success and even survival in today's globally competitive world (Rottenberger-Murtha, 1993) . In response, many firms are reevaluating their market presence, implementing steps to increase their focus on markets that allow them to leverage their core competencies, and developing processes to serve these markets more productively. In many cases, provider firms have either dissolved, restructured, or outsourced to third party representatives or distributors the bulk of their sales functions and have maintained servicing of only its most important customer accounts (i.e. those accounts in which relationships can be built to extract long-term customer value). The prevalence of such relationship accounts (e.g. national accounts, international accounts, key accounts, large accounts, and strategic accounts) is such that virtually all major industrial organizations include them in some form (Boles et al., 1994; Gummesson, 2004) .
While this is a descriptive study investigating different behavioral models, the salesforce hence service effort allocation model presented in this paper is particularly useful for establishing and managing such accounts in that it provides insight into the strategic selection of and aggregate resource planning for a particular customer with whom a long-term relationship can be established. The model builds from the initial premise that customer demand can be affected by activities endogenous to the firm; that is, customer demand is a control variable. Specifically, we assume that customers aim to maximize the value that they receive from a purchase, where value is defined as the sum of the intrinsic product quality in terms of output or results and the extrinsic quality of the purchasing process in terms of service encounter experience, divided by price. Given this customer-value function, the firm has three controls through which it can increase customer value, and thereby increase demand: price, intrinsic product quality, and extrinsic quality of the service encounter.
Incorporating the demand function into organizational decision making through the explicit modeling of the customer-value function is a natural application for scientific management. Indeed, analytical models abound for affecting customer demand through price (re: microeconomic pricing models) or through intrinsic product quality (re: product design models). However, we are not aware of any normative approaches incorporating the quality of the service encounter explicitly as a decision variable. This is one reason for appeal of the focus of this paper. A second, more important, appeal stems from the flexibility that service encounter-quality provides to the decision maker. Since time and effort is infinitely divisible and adjustments can be made practically instantaneously, service encounter-quality can be tailored to the level of the individual customer at relatively little cost. Neither price nor intrinsic product quality, as control variables, provide this degree of flexibility to the decision maker. A strict regulatory environment limits the degree to which prices may be tailored to individual customers; and technological or cost restrictions limit the degree to which instantaneous tailoring of intrinsic product quality can be achieved. Thus, service-encounter quality offers the most leverage to the firm in terms of extracting the maximum amount of utility from its customer base.
Given that customer demand is a function of the quality of the service encounter, we demonstrate that the lifetime value of a customer is a key driver not only in allocating the service effort (hence the salesforce) resources available to develop and manage a relationship with a customer, but also in determining whether or not a long-term relationship even should be developed with a specific customer. Further, we identify a parallel application for developing and managing relationships with internal customers (i.e. employees). Thus, through the context of the service profit chain, and in the spirit of developing models for managing demand, this paper provides analytical insights into creating lifetime value through the timing and intensity of relationship management efforts. And, it establishes segmentation based on the a priori expectation of how customers (whether external or internal) will respond to relationship efforts as an important strategic issue.
The analysis and insights developed in this paper focus exclusively on how the notion of lifetime value applies to developing or managing relationships with external customers. The model can also be extended to developing and managing relationships with internal customers (i.e. employees). The key premise to such an extension is that more satisfied employees translate into more productive employees (correspondingly, more dissatisfied employees translate into less productive employees), which again is a link that is supported by empirical evidence (Heskett et al., 1997; Zeithaml et al., 1990) . Analogous to the link between customer satisfaction and firm profit, the link between employee satisfaction and firm productivity hinges on the notion of value. Recall that value is defined as the ratio of the overall benefit received to the overall cost incurred. From the customer's perspective, this translates into service quality divided by service price; similarly, from the employee's perspective, this translates into job quality divided by job price.
An employee's "price" function can be thought of as the time and energy devoted to accomplish specifications of the job. And an employee's corresponding "quality" function, analogous to a customer's quality function, is the aggregation of a preference set comprising multiple dimensions (e.g. compensation and benefits, recognition, training, collegiality). With the specific model developed in this paper, we emphasized optimization along a particular, albeit broadly defined, dimension of quality as perceived by the customer; however the logic of the model applies for any quality dimension, at any level of aggregation, as long as a surrogate for any such single dimension or aggregation of dimensions is measurable and controllable (our surrogate for the quality of a customer's experience during the service encounter -namely, a salesperson's time -can be measured in hours, for example, and can be allocated at the discretion of the decision maker). This provides the practical path in extending the results of this paper directly to the practice of developing and fostering employee relationships. Thus, this model can be applied to determine the lifetime value of an employee (as measured in units of productivity), as a function of the employee's a priori profile (X T ) and the amount of aggregate resource dedicated to satisfying the employee over a given planning horizon (K). Moreover, the results of the model can be used to determine K, as well as how to select an employee in the first place.
There are a few limitations to this paper. As a descriptive study investigating different behavioral models, this paper focuses on providing a clear theoretical contribution and a set of theoretical implications for service mangers to incorporate in their decision-making thinking process. The theoretical contribution this paper adds to the literature lies in exploring the link between service quality and profitability (service profit chain) by managing sales efforts. It expands service profit chain by adding the link between salesforce management and service quality which leads to profitability. It demonstrates how existing salesforce management, in particular optimal sales effort allocation, can be useful for service marketers to increase service quality level, in turn, increase the long-term profitability. This is particularly valuable as Key Account Management has become more and more important because of the increasing needs to develop and retain relationships with large scale or globally operated businesses (Mattgard and Astrom, 2004) . Unlike those 1-2-3 step action guidelines, the implications discussed are analytical and meant to help service managers shaping their thought process in their decision making. Finally, future research can be directed toward empirically testing the model proposed in this study to provide service managers calibrated parameters for their decision makings in measurable manners Notes 1 To demonstrate, consider the following stochastic ordering definition from Ross (1983) : a random variable X T is larger than X T' in the increasing convex ordering
›u for all x (where F X (x) denotes the distribution function for X); moreover, X T $ icx X T 0 , E½rðX T Þ # E½rðX T 0 Þ for all decreasing concave functions r(.). This type of stochastic ordering is a form of variability comparison. The reason for this is twofold (Song, 1994) : (1) if X T $ icx X T 0 and E½X T ¼ E½X T 0 , then VarðX T Þ $ VarðX T 0 Þ; and (2) if X T $ icx X T 0, then X T is noisier then X T 0, which means that there exists a random variable 1, with E½1jX T 0 $ 0 almost surely, such that X T is equal in distribution to X T 0 þ 1. Many pairs of standard distributions satisfy the condition for increasing convex ordering; see, for example, Ross (1983) and Song (1994 Figure A1 and, after some algebra (dropping functional arguments for compactness) we obtain the equation shown in Figure A2 . Property (e). From (6), G i ½A 2 s; ls þ ð1 2 lÞX ¼ E{g i ½A 2 s; ls þ ð1 2 lÞX }. Let u ¼ A 2 s and V ¼ ls þ ð1 2 lÞX. Then, by applying the chain rule twice: ; and property (b) implies that › vv g t ðu; vÞ , 0, which in turn implies that E½› VV g t ðu; V Þ , 0. Thus we obtain the equation shown in Figure A4 .
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